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Abstract

Cough acoustics are promising for non-invasive tuberculosis (TB) screening, yet whether machine learning
(ML) models capture disease-related acoustics or artifacts of data collection remains unresolved. We eval-
uated the cross-dataset generalizability of classical ML and deep learning (DL) cough-based TB classifiers
across three independent datasets. Despite moderate within-dataset performance (ROC-AUC up to 0.755 ±
0.056), both pipelines fail to generalize, with external performance frequently below 0.6, indicating a pos-
sible limitation of the data. We further observed audio representations are organized by recording device
and dataset rather than TB status, predicted TB probability tracks country-level prevalence in CODA, and
device mismatch degrades transfer while device-diverse training improves it. Additionally, a clinical-variable
baseline generalizes more consistently (ROC-AUC 0.655–0.711), indicating acquisition-specific variability
is a stronger driver of poor generalizability than population shift. High within-dataset performance is not
enough. External validation is essential before cough-based TB models are clinically ready.

Keywords: Tuberculosis Screening, Cough Monitoring, Acoustic Epidemiology, Machine Learning, Domain
Generalization, Model Generalization

Introduction

Acoustic epidemiology is an emerging field that investigates how sound can provide clinically and epidemiolog-
ically relevant information. In respiratory health, growing interest has focused on the automated detection and
analysis of cough for diagnosis, monitoring, and surveillance. The COVID-19 pandemic accelerated research in
this area, leading to the development of machine learning (ML) models based on cough, speech, and breath-
ing sounds, as well as large public audio collections such as COUGHVID [1–3]. However, robust validation has
remained difficult. Public datasets are still limited, and large-scale crowd-sourced or loosely controlled collections
introduce unreliable labels, variable recording environments, heterogeneous devices, and uncontrolled comor-
bidities [1, 4, 5]. These factors create substantial domain shift and make it hard to determine whether a model
has learned disease-related acoustics or artifacts of how the data were collected. This concern is not unique
to cough. Across medical AI, models frequently achieve strong internal performance by exploiting spurious,
acquisition-related “shortcuts” rather than disease signal [6–9].

Tuberculosis (TB) remains one of the world’s leading infectious causes of death. In 2024, an estimated
10.7 million people developed TB and 1.23 million died [10, 11]. Confirmatory diagnosis typically requires
sputum-based molecular or microbiological assays, often combined with chest imaging. These tools are difficult
to deploy consistently in the low-resource settings that often carry the highest burden [12]. This has motivated
strong interest in simple, scalable triage tools [13]. In this context, cough is of particular interest because it
is both a common symptom of pulmonary TB and a main mechanism of transmission. A low-cost embedded
device using cough could support screening, surveillance, and longitudinal monitoring [12].

Early TB-cough studies reported strong within-dataset results with area under the receiver operating char-
acteristic curve (ROC-AUC) values around 0.95 for handcrafted features with classical classifiers [14, 15]. Later
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Fig. 1: Overview of the study design. The study evaluates cross-dataset generalization of cough-based TB
classifiers across three public datasets using classical ML and DL pipelines. Four major analyses are conducted:
cross-dataset generalization, acquisition-related bias in CODA, device generalization in Zambia, and a clinical-
variable baseline. Key findings and implications for future study design are also presented.

studies explored more complex modeling strategies, including recurrent neural networks and attention-based
architectures, with several reporting accuracies greater than 85% or ROC-AUC values greater than 0.85 [16–19].
However, evaluation was done almost always on small and private data under within-dataset validation. The
release of large, structured TB-cough resources, such as the CODA dataset [20], the TBscreen dataset [21], and
the Zambia CIDRZ dataset [22], now makes it possible to answer the question: does a model trained on one
dataset retain performance on an independent dataset collected elsewhere?

Evidence that generalization of TB-cough models is challenging is already emerging. When the CODA
TB DREAM Challenge models were validated on an independent Peruvian cohort collected under a closely
matched protocol, ROC-AUC fell from 0.689–0.743 internally to 0.480–0.615 externally [23]. However, the cause
of this decline was not further investigated. More broadly, cross-dataset evaluation in this field remains rare and
methodologically inconsistent [24, 25]. Known pitfalls, for example within-dataset-only validation, information
leakage without subject-level splitting, and disease status confounded with site, device, or recruitment, are
acute [19, 20].

Here we present a systematic cross-dataset evaluation of cough-based TB classifiers across the CODA,
TBscreen, and Zambia datasets (Fig. 1) using both a classical ML and a deep learning (DL) pipeline. We com-
plement this with an analysis of location- and device-related bias in the CODA dataset, a device-generalization
study in the Zambia dataset, and a clinical-variable baseline. Our analysis yields four main messages.

1. Moderate within-dataset performance does not transfer: cross-dataset ROC-AUC frequently drops below
0.6 for both pipelines, which reflects difference in data domains rather than the modeling approach.

2. Models exploit acquisition shortcuts: audio representations are organized more strongly by device and
dataset than by TB status and predicted TB probability tracks country-level prevalence in CODA.

3. Recording-device mismatch directly degrades transfer, whereas device-diverse training improves robustness
to unseen hardware.

4. A simple clinical-variable model generalizes more consistently, pointing to audio-specific acquisition
variability as a primary driver of poor transfer rather than population differences alone.

Together, these results show that strong within-dataset performance should not be interpreted as evidence of
clinical readiness.
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(a) Classical ML pipeline
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(c) Clinical-variable baseline

Fig. 2: Cross-dataset performance of the acoustic pipelines and the clinical-variable baseline. For
each source dataset, the model configuration was selected using within-dataset validation and then evaluated
on all target datasets. Values show subject-level ROC-AUC, with variability reported across outer folds. Across
both acoustic pipelines, within-dataset performance did not translate into consistent external generalization,
and the selected configuration differed by source dataset. In contrast, the clinical-variable baseline showed more
stable external generalization across datasets.

Results

Within-dataset performance does not transfer across datasets

We trained each pipeline on a single source dataset and evaluated it on the held-out datasets, performing
model selection only within the source dataset and applying subgroup-balanced resampling. For the classical
ML pipeline, within-dataset performance was moderate. The best model reached a subject-level internal ROC-
AUC of 0.700 ± 0.053 on Zambia and 0.711 ± 0.099 on TBscreen passive cough, while CODA was lower at
0.631 ± 0.027. External performance was consistently weaker (Fig. 2). Models trained on Zambia or TBscreen
performed well on their own data but did not transfer reliably to the other datasets. The best-performing
configuration also differed by source dataset, and no single classifier, feature family, or feature-selection setting
dominated. Performance varied far more with the choice of training and testing dataset than with any modeling
choice (Extended Data Fig. 1), which indicates that the limiting factor is the mismatch between datasets rather
than the pipeline itself.

The DL pipeline followed the same pattern at a slightly higher level. A VGGish backbone [26] with mel-
spectrogram input performed best and was used throughout. The Zambia-trained model reached the strongest
within-dataset performance, with a ROC-AUC of 0.755 ± 0.056, and transferred moderately to the Zambia
audio-recorder subset (0.717±0.124) and to TBscreen forced cough (0.741±0.035), but it fell to 0.632±0.016 on
TBscreen passive cough and 0.581±0.015 on CODA. Models trained on TBscreen passive cough (within-dataset
0.732± 0.135) or on CODA (within-dataset 0.642± 0.056) did not generalize, with external ROC-AUC falling
below 0.6. We further examined whether these within-dataset results were uniform across acquisition subgroups,
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Fig. 3: MMD-based MDS visualization of subgroup structure in CLAP audio embeddings. Pair-
wise subgroup distances were computed using MMD and visualized using MDS. The axes do not have a physical
meaning. They represent latent dimensions that preserve pairwise similarities, with points closer together indi-
cating more similar data distributions. The different scatter points are colored by the dataset source, and they
represent subgroups defined by recording device, location, or TB label. Subgroups defined by TB label were
labeled in (c) to indicate positive (1) or negative (0) status. In CODA, location and device are overlapping
factors because country source is associated with recording-device choice. Ideally, device/location should not
cause much separation and subgroups by device/location of different dataset sources should overlap, whereas
subgroups by TB status should cluster by their TB labels. However, it is the opposite in reality.

stratifying by recording device and location for each source dataset, to complete the analysis (Extended Data
Fig. 2 - Fig. 4).

The first key finding made is that models cannot well generalize for both classical ML and DL approaches.
This is likely a result of domain shift between datasets. This hypothesis was explored next by representation
analysis.

Acoustic representations are organized by acquisition factors rather than TB
status

To understand why the models generalized poorly, we examined the structure of the input feature spaces directly.
We quantified differences between subgroups using maximum mean discrepancy (MMD) and visualized the
resulting pairwise distance structure with multidimensional scaling (MDS). We also projected individual samples
with t-distributed stochastic neighbor embedding (t-SNE) to inspect how the feature spaces were organized.
Subgroups were defined by recording device, location, or TB label.

The dominant structure in the feature spaces was related to acquisition rather than to disease. In the
MMD-MDS visualizations for CLAP embeddings, sample subgroups (the scatter points in Fig. 3) from different
dataset sources barely overlap, but rather cluster by themselves. Subgroups defined by device (Fig. 3a) and
location (Fig. 3b) span a large area, even when they are from the same dataset. Meanwhile, TB+ and TB-
subgroups of the same dataset (Fig. 3c) are often similar. These indicate that the clearest separation of the
data representation corresponds to dataset source and recording device, not to TB status. Similar effects can
be observed for handcrafted time-frequency features (Supplementary Fig. B2).

The t-SNE projections show the same pattern (Supplementary Fig. B3–B6). Samples form broad clusters
correspond to dataset source, and within each dataset there is additional structure related to recording device,
whereas separation by TB label is comparatively weak. Together, these visualizations indicate that the acoustic
features carry strong acquisition-related information.

This provides a mechanism for the generalization failure reported above and supports our second key result.
When acquisition factors are this prominent in the feature space, and when they are correlated with TB status
within a dataset, a classifier can fit decision boundaries that depend on dataset- or device-specific structure
rather than on disease-related cough characteristics that are stable across settings.

In CODA, predicted TB probability tracks country-level prevalence

The representation analysis showed that acquisition structure dominates the feature space. We next investi-
gated whether this structure has a direct, measurable effect on model output, using the multi-country CODA
dataset, where each country is associated with a particular choice of recording device(s) and a particular TB+
rate. We examined whether predicted TB probabilities were associated with country-level TB prevalence under
two modeling settings. The first setting closely replicated the best-performing CODA TB DREAM Challenge
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Fig. 4: Predicted TB probabilities by country source and TB label in CODA. The blue line shows
the country-level TB+ rate. (a) Under the challenge-replication setting, predicted TB probabilities increased
strongly with country-level TB prevalence for both TB+ and TB- samples. (b) Under the conservative setting,
predicted probabilities were less extreme and the association with country-level prevalence was reduced, although
not fully removed.

pipeline [27], using a ResNet-34 model with high-frequency spectrogram inputs and resampling at the TB-
label level only. The second was a more conservative setting designed to reduce acquisition-related shortcuts,
using a VGGish-based model, a reduced upper frequency limit of 8,000 Hz, cough segmentation before feature
extraction, and resampling jointly by TB label and country source.

Under the challenge-replication setting, the model output depends strongly on country source rather than on
disease state. Countries with higher TB+ rates receive higher predicted TB probabilities, and this holds for both
TB+ and TB- samples (Fig. 4a). Regressing the mean predicted probability per country against the country-
level disease rate gives a slope of 1.20 with R2 = 0.95 for TB- cases and a slope of 1.30 with R2 = 0.89 for TB+
cases, so country-level prevalence alone accounts for most of the variance in mean model output within each
group. The model behaves as if it is estimating population-level prevalence from acquisition cues rather than
detecting disease in individual coughs. This is problematic in practice: under a single fixed decision threshold,
the model would predict nearly all subjects from a high-prevalence country as TB+ and nearly all subjects from
a low-prevalence country as TB-, regardless of the disease-related acoustic content of the individual cough.

Under the conservative setting, this association is attenuated but not fully removed. TB- cases give a regres-
sion slope of 0.33 and an R2 of 0.75, and TB+ cases give a regression slope of 0.33 and an R2 of 0.84. The
predicted probabilities are less extreme and span more similar ranges for both TB+ and TB- groups across
countries (Fig. 4b). Some dependence on prevalence is not in itself a defect, since prior disease rates carry
information that can aid classification in deployment. The problem is when such priors are absorbed through
acquisition shortcuts rather than from disease-relevant acoustics, they become a source of miscalibration when
a model is moved to a population with different prevalence.

These findings support our second key result and motivate the subgroup-balanced resampling strategy used
in this study. Label-only resampling is insufficient in a heterogeneous dataset such as CODA: a model can learn
to associate acquisition factors with country-level prevalence. This shows why generic performance evaluation
is not sufficient. Post-hoc analysis of model outputs across sites, devices, and other factors is essential to expose
residual bias that an overall evaluation can hide.

Recording-device mismatch degrades transfer, while device-diverse training
improves robustness

The CODA results show that classifiers can tie disease labels to acquisition structure, but in CODA, country,
device, recruitment setting, clinical population, and prevalence are entangled. We therefore used the Zambia
dataset, in which recordings from the same participants were often captured on several devices simultaneously,
to test device effects more directly. The devices include one audio recorder and three phone models. Two
experiments were conducted. In the single-device experiment, a model was trained with samples from one device
and applied to all four devices. In the multi-device experiment, a model was trained on samples from three
devices and applied to either unseen samples from the training devices or samples from the held-out device.

Recording-device mismatch reduces performance. In the single-device experiment, cross-device evaluation is
generally worse than within-device evaluation, shown by the negative off-diagonal differences in subject-level
ROC-AUC (Fig. 5a). The extent of the performance drop varies by device. Among the devices, Phone C is the
strongest and most consistent training device.
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Fig. 5: Recording-device effects on generalization in the Zambia dataset. Values are subject-level
ROC-AUC. (a) Single-device training. The left heatmap reports ROC-AUC for each training-device and testing-
device pair, with diagonal entries showing within-device evaluation and off-diagonal entries showing cross-device
evaluation; the right heatmap shows the change in ROC-AUC of each cross-device evaluation relative to the
corresponding within-device value. Cross-device evaluation generally reduced performance. (b) Multi-device
training. The left heatmap reports ROC-AUC for models trained on three devices and evaluated on either the
training devices or the held-out device. The right plot compares held-out-device performance between single-
device training and training on the other three devices, where the single-device value is the average over the
three possible single-device choices. Training across multiple devices generally improved performance on the
unseen device.

Exposure to multiple devices during training improves robustness to unseen hardware. The device-mismatch
effect remains in the multi-device experiment, but training on three devices generally improves performance
on the held-out device relative to single-device training (Fig. 5b). For example, with the audio recorder as the
held-out device, training on Phone A, Phone B, or Phone C individually gives ROC-AUC values of 0.675, 0.655,
and 0.725, while training on all three together raises it to 0.732. This gain is not simply a matter of more data:
Phone A, Phone B, and Phone C cover 632, 628, and 642 unique subjects respectively, and the three combined
cover 650, so the added volume is device diversity rather than subject diversity. The improvement therefore
reflects exposure to multiple recording devices, which helps the model learn representations that are less specific
to any one device.

These experiments support our third key result. Recording-device mismatch contributes directly to the
limited generalization of cough-based TB classifiers, since a model trained on one device may not transfer to
another even within the same study population and sites, and device-diverse training mitigates this effect.
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A clinical-variable baseline generalizes more consistently than the acoustic models

To test whether the generalization failure is specific to audio or reflects population differences more broadly, we
evaluated a non-acoustic baseline built from routinely collected clinical variables. Using only features available
in comparable form across all three datasets, namely age, sex, smoking status, HIV status, previous TB history,
cough duration, fever, weight loss, and night sweats, we trained a logistic-regression model on one dataset and
evaluated it on the others, under the same external-validation framework.

The clinical-variable model transfers more consistently than the acoustic pipelines (Fig. 2c). For instance,
trained on Zambia, the model reached a within-dataset ROC-AUC of 0.767± 0.025 and external 0.655± 0.004
on TBscreen and 0.673± 0.004 on CODA. External performance is not uniformly high, but it stays consistently
above chance and falls within a narrower range than the acoustic-model results. The contributions of individual
clinical variables, assessed by model coefficients and permutation importance, are reported in Extended Data
Fig. 5. Some symptoms such as weight loss were stable across datasets, while others were dataset-dependent,
indicating that clinical variables are not entirely free from dataset shift either.

This contrast supports our fourth key result and sharpens the interpretation of the whole analysis. Struc-
tured clinical information, which also differs across these cohorts in population, recruitment, and prevalence,
nonetheless transfers more stably than the cough acoustics. Audio-specific acquisition variability is likely the
primary driver of the poor transfer of cough-based models, rather than population shift alone.

Discussion

This study examined whether cough-based ML models for TB classification generalize across independently
collected datasets. Across both the classical ML and DL pipelines, within-dataset performance does not translate
into external performance. We observe moderate internal ROC-AUC, up to 0.755 for DL and 0.711 for classical
ML. However, in cross-dataset evaluation, performance frequently drops below 0.6. This indicates that the
limitation is a property of the data and its acquisition rather than of any particular modeling approach. This is
not specific to our pipelines. An independent external validation of the CODA TB DREAM Challenge models
on a Peruvian cohort reported external ROC-AUC of 0.480–0.615, even though the models were achieving
ROC-AUC of 0.689–0.743 internally and the Peru data were collected under a closely matched acquisition
protocol [23]. The study mainly attributed this challenge to population shift. However, we show here the main
cause of domain shift is likely due to device variation.

A mechanism for this failure is visible directly in the representations. In the datasets analyzed, differences in
recording device, site, recruitment setting, cough protocol, and population are often larger and more stable than
the acoustic differences associated with TB status. There can be two effects. First, the variation introduced by
acquisition factors can overwhelm the variation associated with TB status in the feature space. A model then
fits a decision rule that is locally valid within the source dataset, where acquisition conditions are approximately
fixed, but may not remain valid once the domain shifts substantially. Second, when acquisition factors are
correlated with TB status, the model can learn these factors directly as shortcuts for prediction.

The CODA prevalence analysis makes this shortcut concrete. Under label-only balancing, predicted TB
probability tracks country-level prevalence for both TB+ and TB- samples. Cough segmentation, a reduced
frequency range, a simpler model, and most importantly joint balancing by label and acquisition-factor-defined
subgroups attenuate this association. A model that relies on such shortcuts cannot transfer to settings where they
no longer hold, which offers an explanation for why CODA-derived models struggled when validated externally
on the Peru cohort [23].

The Zambia experiments isolate one such factor. Recording-device mismatch directly degrades transfer.
Training across multiple devices improves performance on an unseen device. However, as the CODA analysis
shows, this strategy is beneficial only if device diversity is introduced within a balanced study design. If device
type is confounded with location, disease prevalence, recruitment pathway or other factors, adding more devices
may increase dataset size while also creating new shortcuts for the model.

These observations bound what algorithmic remedies can achieve. The established domain-generalization
methods we evaluated (listed in Supplementary C) gave no consistent external improvement, likely because such
methods require sufficiently large and well-balanced source domains to separate stable task-relevant structure
from domain-specific variation. In the available TB-cough datasets, domain, device, site, prevalence, recruitment,
and participant characteristics are partially confounded, and the TB-related acoustic signal appears weak relative
to device and protocol effects, so enforcing domain invariance may discard useful information without improving
the clinically relevant boundary. Algorithmic domain generalization is therefore unlikely to compensate for
limitations in dataset design.

The clinical-variable baseline provides an important point of reference. A simple logistic regression model
using basic clinical variables generalizes more consistently across datasets than any acoustic model. This suggests
that the poor transfer of cough-based models cannot be explained only by differences in population. Instead,
audio-specific acquisition variability plays a major role. This motivates multimodal models in which clinical
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variables supply a stable baseline risk estimate while cough acoustics contribute complementary information,
reducing the need for the audio model to learn the full decision boundary and its reliance on dataset-specific
shortcuts. Additionally, clinical variables such as previous TB, HIV status, smoking, or symptom profile may
help define subgroups with more homogeneous acoustics. Finally, cough frequency, bout structure, and temporal
dynamics, beyond isolated single coughs, may also carry more transferable and clinically meaningful information.

We identify two main paths for future cough-based TB screening research. The first is a data-driven,
smartphone-oriented strategy that collects much larger datasets across many devices, environments, countries,
and participant groups, so that models can learn representations robust to realistic deployment variation. The
second is a standardized-device strategy that collects recordings on a small set of devices with known and sta-
ble acoustic properties under a fixed protocol, reducing acquisition variability and making model behaviour
easier to interpret. The Zambia device analysis provides some support for this idea: among the devices, Phone
C produced the strongest within-device performance and transferred best to others. This is notable because it
contradicts the simple expectation that a dedicated audio recorder, with a flatter frequency response, should
provide the best training signal. Device suitability appears to depend not only on nominal recording quality but
on how a device captures cough-relevant structure and how similar its recordings are to those from other devices.
Future work should therefore examine device frequency response, automatic gain control, compression, micro-
phone placement, and noise-processing characteristics to identify which hardware properties are most suitable
for cough-based screening.

This study has several limitations. Although the datasets are broadly comparable, they differ in TB-labeling
criteria, acquisition protocol, recording device, inclusion criteria, and population, and these residual differences
cannot be fully separated from the generalization effects we report. A specific aspect is the difference in ethnicity
and geographic origin. Variation in airway and vocal-tract anatomy, body size, respiratory comorbidity patterns,
and culturally shaped coughing behaviour could all give rise to acoustic differences between, for example, Asian
and African participants, independently of TB status. The public releases of datasets were sometimes partial, so
some analyses used subsets that may not represent the parent cohorts. The available external cohorts are also
few, and additional settings with different TB burden, infrastructure, or device ecosystems would be needed
to test how broadly these patterns hold. Finally, our representation analysis demonstrated that the dataset
and device structure dominated the acoustic feature spaces, but we did not investigate in depth which specific
acoustic properties drove this separation, partly because consumer-smartphone microphone hardware and signal
processing are undocumented and vary across conditions.

These findings do not imply that cough acoustics are uninformative for TB screening. The fact that external
validation often gives above-chance performance suggests that cough acoustics contain information on TB
status. Meanwhile, they also show that current dataset designs and validation practices make it difficult to
determine whether a model has learned disease-relevant acoustic features, and that strong internal performance
is not equivalent to clinical readiness. Progress toward deployment will depend less on raising internal validation
scores and more on prospective external validation, balanced acquisition designs that explicitly decouple device
and site from disease status, detailed device and protocol metadata, and evaluation under realistic deployment
conditions. More broadly, the validation and analysis pipeline proposed in this study is not limited to TB-cough,
but can be extended to any ML-based acoustic classifier. It provides a practical framework for evaluating model
generalizability and identifying the sources of performance degradation.
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Methods

This study first investigated whether cough-based TB classifiers generalize across independently collected
datasets using a classical ML and a DL approach. We then explored further into the location-related or
device-related bias in specific datasets. A clinical-variable model was also trained to establish a performance
reference.

Training and evaluation design

The pipelines were specifically designed to avoid data-leakage and overestimated performance measurements.
Firstly, all within-dataset models were trained and validated using nested cross-validation (CV), see Supple-
mentary D. The procedure used 5 outer folds and 4 inner folds, and was repeated twice with different random
splits, yielding 10 outer-fold performance estimates in total. The performance of the model was assessed using
ROC-AUC, and the results are reported as the mean and standard deviation in the 10 estimates. For cross-
dataset experiments, models of each iteration were evaluated directly on the held-out external dataset without
cross-validation.

Secondly, all model-development experiments used subject-level data splitting. This was essential because
each participant could contribute multiple cough recordings, and allowing coughs from the same participant to
appear in both training and validation sets would introduce information leakage and lead to overly optimistic
performance estimates. Therefore, all folds in the nested CV procedure were generated at the subject level
rather than at the cough-event level. After model training, each cough event from a participant was assigned a
predicted TB probability. Then these cough-level probabilities were averaged across all coughs from the same
participant to obtain a single subject-level prediction. Model performance was subsequently assessed using
ROC-AUC, computed from these subject-level predictions and the corresponding subject-level TB labels.

Class imbalance was also considered during model development. Because TB+ and TB- participants were
not equally represented in all datasets, class-balancing strategies need to be taken, which can be class weighting,
oversampling of the minority class, or under-sampling of the majority class. As TB+ samples are often scarce,
oversampling of minority class in the training data was applied.

However, class imbalance alone does not capture all sources of potential bias. In heterogeneous cough
datasets, disease status may be correlated with non-disease factors such as recording site, country, device, or
clinical population. In such cases, balancing only the TB+ and TB- classes may still allow a model to exploit
dataset-specific or acquisition-specific cues that are indirectly associated with TB prevalence. A model trained
with class-balanced CODA data was found to make predictions that traced location-specific TB prevalence
(Fig. 4a). As a result, a more cautious resampling strategy was taken. Rather than balancing only the TB+ and
TB- classes, we balanced the training data within acquisition-defined subgroups. For each dataset, subgroups
were defined by the combination of recording location, device, and TB status whenever the factors were avail-
able. Upsampling was applied to balance the number of cough samples across these subgroups. By enforcing a
more balanced representation of acquisition-defined subgroups during training, we aimed to limit the extent to
which models could rely on subgroup prevalence or device-specific acoustic characteristics as shortcuts for TB
classification.

Datasets

We considered three publicly available TB cough datasets that are broadly comparable in their clinical objective
and overall study design: the CODA dataset [20], the TBscreen dataset [21], and the Zambia CIDRZ dataset [22].
This makes them well suited for testing our central hypothesis that cough acoustics contain disease-relevant
information that should support the development of models with meaningful cross-dataset generalization. A
comparison of the three datasets, including their study populations, recording setups, and diagnostic reference
standards, is provided in Supplementary E.

The CODA dataset is a collection assembled for the CODA TB DREAM Challenge from seven countries
across Asia and Africa [20]. Coughs were collected using Android smartphones, which differed across coun-
tries [20]. The TBscreen dataset was collected in Nairobi, Kenya in a controlled recording setting [21]. Both
passive coughs and forced coughs were obtained using three devices simultaneously. The Zambia CIDRZ dataset
was originally used to establish the HeAR benchmark [22]. It was collected from three clinical sites, Chawama,
Chainda-South, and Kanyama. Participants were asked to produce four cough events, including three single
coughs and one episode consisting of consecutive coughs, and were recorded using one professional audio recorder
and three smartphone models simultaneously.

In this study, the released datasets were not used in their entirety. For CODA, we restricted analysis to
recordings from Vietnam, Madagascar, and Tanzania, as these were the countries in which a single device was
used consistently, enabling a cleaner assessment of device-related effects. Additionally, we used only the solicited
coughs. For TBscreen, passive and forced cough recordings were treated as separate resources. In their original
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study [21], passive and forced coughs were found to exhibit distinct characteristics, and models trained on passive
coughs did not generalize well to forced coughs. We therefore kept the two cough types separate throughout
the analysis. As passive cough represents the much larger portion of the dataset, passive cough recordings from
TBscreen were used for training, whereas forced cough recordings were used only for validation. Additionally,
for TBscreen passive, the number of coughs per subject is restricted to maximum 100 to limit overfitting to
particular subjects and speed up the training process. This threshold was chosen based on the distribution
of cough counts across subjects, where most subjects contributed between 100 and 200 coughs, while a small
number of outliers exceeded 1000 coughs per subject. Capping at 100 therefore retains a representative sample
for the majority of subjects while preventing a small number of high-count subjects from disproportionately
influencing the training process. For the Zambia dataset, the Chainda-South site data was removed from the
analysis as this site had only one TB-positive subject. In addition, the subset recorded with the audio recorder
represented only a small portion of the full dataset and was therefore used only for validation, and not for model
training.

In addition to these dataset-level restrictions, we applied some audio preparation steps to obtain individual
cough events in a comparable format across datasets. In CODA, the cough clips released had already been
preprocessed into 0.5 s segments. However, the cough event was not consistently aligned within the segment,
appearing near the beginning, center, or end, depending on the recording. Therefore, we applied an additional
energy-based thresholding step to isolate the active portion of the cough. As a result, the final CODA cough
segments used in this study were of variable duration rather than fixed 0.5 s length. A similar procedure was
applied to TBscreen, whose original cough clips had been preprocessed into 1 s segments. The Zambia dataset
required a different preparation procedure as the released audio files corresponded to full recording sessions
rather than pre-segmented individual cough events. We therefore developed a custom cough extraction algorithm
to first identify a rough interval of individual coughs, then the same energy-based thresholding method was
applied to extract the coughs. As the same experimental session was often recorded simultaneously using multiple
devices, detections from different devices could be cross-referenced to improve the final segmentation decision.
During pre-processing of the Zambia data, we also observed that a small number of recordings appeared to
be incorrectly labeled with respect to the subjects. For example, a recording was labeled as subject “03xxx”
when, in fact, it was subject ”01xxx”. This issue is particularly important because the nested CV procedure
requires subject-level data splitting to avoid information leakage. As a validation step, we screened recordings
from the same subject but from different devices by computing cross-correlations between the corresponding
audio signals. Recordings with inconsistent cross-correlation patterns were flagged as potentially mismatched,
manually checked and re-labeled.

Extended Data Table 1 summarizes the study-specific subsets used in the present analysis after dataset
filtering, cough extraction, and validation control. We report, for each analyzed subset, the number of subjects,
the number of cough events, and the TB+ rate at the subject-level based on publicly available data actually
accessible for this study. These numbers do not always match those reported in the original dataset publications,
because some datasets were only partially released. For example, in CODA, approximately half of the full dataset
was made publicly available, while the remaining portion was withheld for continued benchmarking.

ML pipelines

We included both classical ML and DL approaches. The aim is to assess whether poor cross-dataset general-
ization was primarily a limitation of the modeling framework or a consequence of the datasets themselves. The
classical pipeline served as a transparent baseline: although simpler than DL, it can perform well when data are
limited and offers greater interpretability in terms of feature selection and model behavior. The DL pipeline was
included because it has become a standard approach for more complex audio classification tasks and may cap-
ture disease-related acoustic patterns that are not well represented by handcrafted features. In both pipelines,
model development began with a search over data pre-processing choices, followed by model and representa-
tion selection, and concluded with external cross-dataset evaluation and post-analysis. Table 1 summarizes the
pre-processing, augmentation, feature extraction, and model configurations explored for each pipeline.

Classical ML pipeline

For the classical ML pipeline, model development began with the evaluation of candidate pre-processing strate-
gies on the source dataset. The goal was to determine whether specific pre-processing and/or augmentation
choices improved internal validation performance. The tested pre-processing methods included band-pass filter-
ing, with lower cut-off frequencies ranging from 10 to 500 Hz and upper cut-off frequencies ranging from 4 to
8 kHz, covering the range commonly used in prior cough classification studies [14, 15, 21]. In addition, several
audio augmentation techniques were considered. Augmentations were applied at the level of individual audio
samples after oversampling.
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Table 1: Summary of explored configurations for the classical ML and deep learning pipelines.
Hyperparameters of each augmentation method were determined by grid search.

Classical machine learning Deep learning

Filtering Bandpass: lower cut-off 10–500Hz, upper cut-off 4,000–8,000Hz.

Augmentation Crop-and-pad, additive Gaussian noise, Brownian noise, tape-speed per-
turbation, amplitude scaling, pitch shifting, time stretching, circular time
shifting [28].

• Additionally: SpecAugment (fre-
quency and time masking)

Features Feature selection via recursive back-
ward elimination.

• CLAP embeddings
• Time-frequency domain features

(Supplementary F)

• Spectrogram
• Mel-spectrogram
• Scalogram (continuous wavelet

transform)

Models • Random forest
• Logistic regression
• Gradient boosting

• ResNet-18, ResNet-34
• VGGish
• OPERA
• CLAP

We then compared two feature families. The first consisted of conventional handcrafted acoustic descriptors
extracted from the time and frequency domains. The full list of these features is provided in Supplementary F.
Specifically, frame-level features were computed from short-time analysis windows and then summarized across
frames using their mean and standard deviation, resulting in a fixed-length representation for each cough
recording. The second feature family consisted of embeddings extracted from a pretrained model, CLAP. CLAP
(Contrastive Language–Audio Pretraining) is a large-scale representation-learning model trained to map audio
signals and natural-language descriptions into a shared embedding space [29]. In this study, we used only the
pretrained acoustic encoder and treated its output as a general-purpose audio representation, without any
additional pretrained or joint use of text information. The CLAP acoustic embedding is of dimension 1024.

For each feature representation, we compared a set of standard downstream classifiers on the source dataset.
The models evaluated included logistic regression, random forests, and gradient boosting. These models were
selected because they cover a range of linear and non-linear decision functions while remaining interpretable
and well suited to tabular feature representations.

For both hand-made and CLAP-derived features, model selection was performed using a nested CV on the
source dataset. The outer loop used five folds to estimate internal validation performance, while the inner loop
used four folds for hyperparameter tuning and RFE. This procedure allowed feature selection and model tuning
to be performed strictly within the training data of each outer fold, thereby reducing the risk of optimistic bias.
Model performance was summarized using the ROC-AUC of subject-level predictions. In addition to predictive
performance, we evaluated the stability of feature selection by measuring the Jaccard similarity coefficient across
CV folds and across datasets.

Finally, we conducted a post-hoc analysis of the resulting feature spaces, both CLAP audio embedding
and time-frequency domain features, to better understand the sources of poor generalization. In particular,
we examined whether learned representations were organized more strongly by dataset, recording device, or
subpopulation than by TB status. To quantify differences between groups, we computed pairwise distances using
MMD and visualized the resulting distance structure in two dimensions using MDS. We also projected individual
samples into t-SNE in order to inspect clustering patterns in the learned embeddings. Unlike the model-training
experiments, all available cough samples were included in this analysis, including all CODA countries. The
samples were used in their original form, without augmentation or resampling, so that the observed structure
reflected the original feature distributions. The subgroups were defined according to location, recording device,
or TB label. In particular, in CODA, the device and location were not independent, because each country
analyzed was associated with a specific recording device or devices.
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DL pipeline

For the DL pipeline, each cough recording was converted into a spectrogram-based image representation for
input to neural network models. As in the classical pipeline, pre-processing and augmentation choices were first
explored on the source dataset in order to identify configurations that improved internal validation and exter-
nal testing performance. In addition to waveform-level augmentation, we also evaluated augmentation applied
directly to the spectrogram representation using SpecAugment, in which time regions and frequency bands are
randomly masked [28]. We further searched the spectrogram frequency range and the input representation itself,
comparing standard spectrograms and mel-spectrograms. As the cough audios were segmented into arbitrary
lengths, we padded the audios by repeating to the desired audio length depending on the model used.

As the available datasets remain limited relative to the data requirements of deep neural networks, we used
pretrained audio models as feature-extraction backbones. A task-specific classification head was attached to
each backbone to predict TB status from the learned representation. The evaluated backbones included ResNet-
18, ResNet-34, VGGish, OPERA, and CLAP [26, 29–31]. Brief descriptions of these models are provided in
Supplementary G.

Nested CV was used to control for overfitting during model training and evaluate model performance for
model selection. Candidate configurations were defined through a grid search over pre-processing choices, spec-
trogram representations, backbone architectures, and model hyperparameters. For each candidate configuration,
training was performed within the inner CV loop: the model was fitted on the inner training split, while the
corresponding inner validation split was used to monitor validation performance and determine early stopping.
The performance of each candidate configuration was then summarized by averaging the results across the outer
folds. Model selection was based on these average outer-fold results within the source dataset. The selected DL
configurations were subsequently evaluated under external validation on the remaining datasets. Performance
was summarized using ROC-AUC.

Analysis of location-related or device-related bias in CODA

We further investigated how models could exploit non-disease structure using the CODA dataset. This analysis
was motivated by the observation that CODA combines recordings from multiple countries, each with its own
TB+ rate and recording setup. Under such conditions, a model trained for TB classification may partially learn
country-, site-, or device-related information if these factors are correlated with disease status.

We compared two modeling settings. The first setting was designed to closely reproduce the best-performing
CODA TB DREAM Challenge pipeline [27]. This pipeline used spectrogram representations computed with a
Hann window of length 1024 samples and a hop size of 64 samples, restricted to the frequency range between 50
and 15000 Hz. These spectrograms were used as input to a ResNet-34 classifier. The original pipeline used both
solicited cough recordings and longitudinal cough recordings, and did not apply additional audio pre-processing
steps such as filtering or audio augmentation. In the present study, for simplicity, we only used the solicited
cough recordings to replicate the pipeline. Resampling was performed to balance only the TB+ and TB- classes.

The second setting was designed as a more conservative pipeline to reduce the influence of acquisition-related
confounding. Similarly, only solicited coughs were used. In this setting, we used a VGGish-based model with
spectrogram inputs restricted to frequencies below 8,000 Hz. This upper frequency limit was chosen because
most cough-relevant acoustic information is expected to be contained within this range [14, 15, 21, 32], while
higher-frequency components may contain device- or environment-specific artifacts. Additionally, cough seg-
mentation was applied before feature extraction so that the model focused on the active cough event rather
than surrounding silence or background sound. We also used a stricter resampling strategy that balanced the
training data jointly by TB label and country source. This was intended to deny model the disease rate prior
information specific to each country.

For both settings, we evaluated whether the resulting predicted TB probabilities contained information
about the country source and the prevalence of the disease at the country-level. We compared the distribution of
predicted TB probabilities across groups defined by country and TB label. To quantify the association between
model output and country-level prevalence, we computed the linear regression slope and R2 between the mean
predicted TB probability per country and the country-level disease rate, calculated separately for TB- and
TB+ cases. The regression slope captures the magnitude of the association, indicating how much the mean
predicted probability changes per unit increase in disease rate, while R2 describes the proportion of variance
in the mean model output that is explained by country-level prevalence alone. The observed high R2 combined
with a steep slope in the challenge-replication approach indicated that the model output was strongly driven
by the prevalence structure associated with the country, while the lower R2 and flat slope in the conservative
approach suggested that the predictions were less influenced by the country of origin.

This analysis was not intended to evaluate a deployable TB classifier. Instead, it was used as a diagnostic
experiment to assess whether resampling, modeling and, pre-processing choices could reduce the influence of
acquisition-related or prevalence-related shortcuts in a heterogeneous multi-country cough dataset.
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Analysis of device-related bias in the Zambia dataset

The location-related bias analysis in CODA provides evidence that cough-based classifiers exploit non-disease
structure when TB status is correlated with acquisition-related factors. However, in CODA, several sources
of heterogeneity are entangled, including country, recording protocol, clinical setting, disease prevalence, and
recording device. Therefore, although the analysis demonstrates the presence of acquisition-related bias, it
cannot isolate the contribution of the recording device alone.

The difference in the recording device is important in acoustic ML studies, as it can have a direct effect on
the measured signal. Microphones and mobile devices differ in frequency response, gain control, noise suppres-
sion, compression, and other signal-processing characteristics, all of which can alter the spectral and temporal
properties of recorded cough sounds. Previous work in cough detection and broader audio classification has
shown that device mismatch can reduce model robustness and external generalization, particularly when mod-
els are evaluated on devices not represented during training [33, 34]. Similar device-domain effects are also well
recognized in acoustic scene classification and other machine-hearing tasks, where recording-device differences
are a major source of domain shift [35]. Thus, while population and site effects may also contribute to poor
generalization, device variation is a plausible and important source of instability in cough-based models.

To examine the effect of recording device more directly, we performed an additional set of experiments
using the Zambia dataset. This dataset is particularly suitable for this purpose because cough recordings were
collected from the same clinical sites using multiple recording devices simultaneously. This structure allowed us
to evaluate device-related generalization while reducing, although not completely eliminating, confounding by
population and recruitment setting. We considered all four recording devices: an audio recorder, Phone A (Pixel
3a, lower-tier), Phone B (Galaxy A12, mid-tier), and Phone C (Galaxy A22, higher-tier). The analysis was
restricted to the Chawama and Kanyama sites, as the Chainda-South site had only one TB+ subject. Unlike
the main modeling pipeline, the audio-recorder subset was included here as both a possible training and testing
device. All experiments in this analysis adopted the DL pipeline.

We considered two experimental settings, where within-device evaluation is done by nested CV. In particular,
for each outer fold, the training subjects were first identified and then external-device evaluation was conducted
only on recordings of subjects that were not included in the corresponding training split. In the first setting, a
DL model was trained using recordings from a single device and evaluated both on held-out recordings from the
same device and on recordings from the remaining devices. This experiment tested whether a model trained on
one device retained performance when applied to audio collected with a different device. In the second setting,
the model was trained using recordings from three devices and evaluated on the fourth device, which was not
used during training. This experiment tested whether exposure to multiple devices during training improved
generalization to an unseen recording device.

Together, these experiments addressed two related questions. First, we asked whether recording-device mis-
match leads to a measurable decrease in TB classification performance compared with within-device evaluation.
Second, we asked whether training on a more device-diverse dataset improves external-device performance. By
comparing results within and across-devices in both settings, this analysis provided a more targeted assessment
of the extent to which device variation contributes to the generalization failures observed in cough-based TB
classification.

Clinical-variable baseline

In addition to cough-based models, we evaluated whether routinely collected clinical variables could support TB
classification across datasets. This analysis served two purposes. First, it provided a non-acoustic baseline for
comparison with the cough-based models. Second, it allowed us to examine whether the generalization problem
observed for cough acoustics was specific to audio recordings, or whether similar limitations also appeared when
using structured clinical information. If clinical models generalize better than acoustic models, this would suggest
that part of the difficulty lies in acquisition-related variability in audio data. Conversely, if clinical models also
show poor external performance, this would indicate that differences in study population, recruitment criteria,
symptom distributions, and disease prevalence also contribute substantially to the generalization problem. This
baseline should not be interpreted as a replacement for microbiological diagnosis, but rather as a means to
contextualize the acoustic results.

We restricted this analysis to variables that were available across the datasets in a sufficiently comparable
form. The shared clinical variables included age, sex, smoking status, HIV status, previous TB history, cough
duration, fever, weight loss, and night sweats. These variables capture known clinical and epidemiological risk
factors for TB and are commonly available in screening contexts. Other variables were available only in individual
datasets and may have been predictive within those datasets. For example, our preliminary analyses suggested
that heart rate carried useful information in some settings. However, these dataset-specific variables were not
included in the cross-dataset baseline because they were not consistently available across all datasets.
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Samples with missing clinical-variable values or missing TB labels were removed from this analysis. After this
filtering step, the clinical-variable dataset contained 1,823 participants from Zambia, including 205 TB+ and
1,618 TB- participants; 1,037 participants from CODA, including 282 TB+ and 755 TB- participants; and 125
participants from TBscreen, including 89 TB+ and 36 TB- participants. Because this analysis used participant-
level clinical variables rather than cough recordings, Zambia was not split by recording device, TBscreen was
not split into passive and forced cough subsets, and CODA was not split by countries.

Continuous variables, including age and cough duration, were standardized before model fitting. Categorical
or binary variables were encoded in a consistent format across datasets where possible. We used logistic regression
as a simple and interpretable classifier, as the purpose of this analysis was to determine whether basic clinical
information can generalize.

Clinical-variable models were trained and evaluated using the same dataset-wise validation principle as the
acoustic models. In each experiment, one dataset was used as the source dataset for model development, and
the remaining datasets were used for external validation. Within the source dataset, model development was
performed using nested CV: the outer loop was used to estimate internal validation performance, while the
inner loop was used for logistic-regression hyperparameter tuning. The final selected model was then evaluated
on the external datasets that were not used during training or tuning. This design allowed us to compare the
acoustic and clinical models under the same external-validation framework.

We also assessed the importance of the clinical variables in two complementary ways. First, we used the
fitted model coefficients as a direct measure of feature association. Positive coefficients indicate that larger
feature values were associated with a higher predicted probability of TB, whereas negative coefficients indicate
an association with a lower predicted probability of TB. Second, we computed permutation importance using
the trained model and the corresponding testing fold. For each feature, its values were randomly permuted and
the decrease in ROC-AUC after permutation was used as an empirical estimate of importance. A larger decrease
indicates that the model relied more strongly on that feature, whereas values close to zero, or negative values,
indicate little contribution to predictive performance. Because the clinical-variable pipeline was evaluated using
five outer CV folds, feature-importance estimates were computed separately for each fold and then summarized
across folds for each training dataset.

Data availability. All data sets analyzed in this study are publicly available. No new data were collected for
this work.

The CODA data set is available through the Synapse platform under project ID syn31472953 (https:
//www.synapse.org/Synapse:syn31472953), released in the context of the CODA TB DREAM Challenge [20].

The TBscreen data set is available at https://zenodo.org/records/10431329, as described in the original
publication [21].

The Zambia data set corresponds to the CIDRZ TB cough cohort collected by the Centre for Infectious
Disease Research in Zambia and released in connection with the HeAR benchmark [22]. It is available at
https://www.kaggle.com/datasets/googlehealthai/google-health-ai.

Code availability. All source codes used in the study is publicly available at https://github.com/esl-epfl/
tb-cough-generalization.

14

https://www.synapse.org/Synapse:syn31472953
https://www.synapse.org/Synapse:syn31472953
https://zenodo.org/records/10431329
https://www.kaggle.com/datasets/googlehealthai/google-health-ai
https://github.com/esl-epfl/tb-cough-generalization
https://github.com/esl-epfl/tb-cough-generalization


References

[1] Orlandic, L., Teijeiro, T. & Atienza, D. The COUGHVID crowdsourcing dataset, a corpus for the study
of large-scale cough analysis algorithms. Scientific Data 8, 156 (2021). URL https://www.nature.com/
articles/s41597-021-00937-4.

[2] Despotovic, V., Ismael, M., Cornil, M., Call, R. M. & Fagherazzi, G. Detection of COVID-19 from voice,
cough and breathing patterns: Dataset and preliminary results. Computers in Biology and Medicine 138,
104944 (2021). URL https://www.sciencedirect.com/science/article/pii/S0010482521007381.

[3] Gabaldón-Figueira, J. C. et al. Acoustic surveillance of cough for detecting respiratory disease using
artificial intelligence. ERJ Open Research 8 (2022). URL https://publications.ersnet.org/content/erjor/
8/2/00053-2022.

[4] Ghrabli, S., Elgendi, M. & Menon, C. Challenges and Opportunities of Deep Learning for Cough-Based
COVID-19 Diagnosis: A Scoping Review. Diagnostics 12, 2142 (2022). URL https://www.mdpi.com/
2075-4418/12/9/2142.

[5] Orlandic, L., Teijeiro, T. & Atienza, D. A semi-supervised algorithm for improving the consistency of
crowdsourced datasets: The COVID-19 case study on respiratory disorder classification. Computer Methods
and Programs in Biomedicine 241, 107743 (2023). URL https://www.sciencedirect.com/science/article/
pii/S0169260723004091.

[6] DeGrave, A. J., Janizek, J. D. & Lee, S.-I. AI for radiographic COVID-19 detection selects shortcuts
over signal. Nature Machine Intelligence 3, 610–619 (2021). URL https://www.nature.com/articles/
s42256-021-00338-7.

[7] Ong Ly, C. et al. Shortcut learning in medical AI hinders generalization: method for estimating AI model
generalization without external data. npj Digital Medicine 7, 124 (2024). URL https://www.nature.com/
articles/s41746-024-01118-4.

[8] Brown, A. et al. Detecting shortcut learning for fair medical AI using shortcut testing. Nature
Communications 14, 4314 (2023). URL https://www.nature.com/articles/s41467-023-39902-7.

[9] Kechris, C. et al. Acoustical features as knee health biomarkers: A critical analysis. Artificial
Intelligence in Medicine 158, 103013 (2024). URL https://www.sciencedirect.com/science/article/pii/
S0933365724002550.

[10] WHO. Tuberculosis (TB). URL https://www.who.int/news-room/fact-sheets/detail/tuberculosis.

[11] WHO. Global Tuberculosis Report 2025. URL https://www.who.int/teams/
global-programme-on-tuberculosis-and-lung-health/tb-reports/global-tuberculosis-report-2025.

[12] Zimmer, A. J. et al. Making cough count in tuberculosis care. Communications Medicine 2, 83 (2022).
URL https://www.nature.com/articles/s43856-022-00149-w.

[13] WHO. Target product profiles for tuberculosis screening tests. URL https://www.who.int/publications/i/
item/9789240113572.

[14] Pahar, M. et al. Automatic Cough Classification for Tuberculosis Screening in a Real-World Environment.
Physiological measurement 42, 10.1088/1361–6579/ac2fb8 (2021). URL https://pmc.ncbi.nlm.nih.gov/
articles/PMC8721487/.

[15] Botha, G. H. R. et al. Detection of tuberculosis by automatic cough sound analysis. Physiological
Measurement 39, 045005 (2018). URL https://doi.org/10.1088/1361-6579/aab6d0.

[16] Frost, G., Theron, G. & Niesler, T. TB or not TB? Acoustic cough analysis for tuberculosis classification
(2022). URL http://arxiv.org/abs/2209.00934. ArXiv:2209.00934 [eess].

[17] Yellapu, G. D. et al. Development and clinical validation of Swaasa AI platform for screening and prior-
itization of pulmonary TB. Scientific Reports 13, 4740 (2023). URL https://www.nature.com/articles/
s41598-023-31772-9.

15

https://www.nature.com/articles/s41597-021-00937-4
https://www.nature.com/articles/s41597-021-00937-4
https://www.sciencedirect.com/science/article/pii/S0010482521007381
https://publications.ersnet.org/content/erjor/8/2/00053-2022
https://publications.ersnet.org/content/erjor/8/2/00053-2022
https://www.mdpi.com/2075-4418/12/9/2142
https://www.mdpi.com/2075-4418/12/9/2142
https://www.sciencedirect.com/science/article/pii/S0169260723004091
https://www.sciencedirect.com/science/article/pii/S0169260723004091
https://www.nature.com/articles/s42256-021-00338-7
https://www.nature.com/articles/s42256-021-00338-7
https://www.nature.com/articles/s41746-024-01118-4
https://www.nature.com/articles/s41746-024-01118-4
https://www.nature.com/articles/s41467-023-39902-7
https://www.sciencedirect.com/science/article/pii/S0933365724002550
https://www.sciencedirect.com/science/article/pii/S0933365724002550
https://www.who.int/news-room/fact-sheets/detail/tuberculosis
https://www.who.int/teams/global-programme-on-tuberculosis-and-lung-health/tb-reports/global-tuberculosis-report-2025
https://www.who.int/teams/global-programme-on-tuberculosis-and-lung-health/tb-reports/global-tuberculosis-report-2025
https://www.nature.com/articles/s43856-022-00149-w
https://www.who.int/publications/i/item/9789240113572
https://www.who.int/publications/i/item/9789240113572
https://pmc.ncbi.nlm.nih.gov/articles/PMC8721487/
https://pmc.ncbi.nlm.nih.gov/articles/PMC8721487/
https://doi.org/10.1088/1361-6579/aab6d0
http://arxiv.org/abs/2209.00934
https://www.nature.com/articles/s41598-023-31772-9
https://www.nature.com/articles/s41598-023-31772-9


[18] Rajasekar, S. J. S. et al. Detection of tuberculosis using cough audio analysis: a deep learning approach
with capsule networks. Discover Artificial Intelligence 4, 77 (2024). URL https://doi.org/10.1007/
s44163-024-00179-4.

[19] Xu, W. et al. Feature fusion method for pulmonary tuberculosis patient detection based on cough sound.
PLOS ONE 19, e0302651 (2024). URL https://journals.plos.org/plosone/article?id=10.1371/journal.pone.
0302651.

[20] Huddart, S. et al. A dataset of Solicited Cough Sound for Tuberculosis Triage Testing. Scientific Data 11,
1149 (2024). URL https://www.nature.com/articles/s41597-024-03972-z.

[21] Sharma, M. et al. TBscreen: A passive cough classifier for tuberculosis screening with a controlled dataset.
Science Advances 10, eadi0282 (2024). URL https://www.science.org/doi/10.1126/sciadv.adi0282.

[22] Baur, S. et al. HeAR – Health Acoustic Representations (2024). URL http://arxiv.org/abs/2403.02522.
ArXiv:2403.02522 [cs].

[23] Zimmer, A. J. et al. External validation of cough-based algorithms for pulmonary tuberculosis screening
from the CODA TB DREAM challenge using cough data from Peru. Scientific Reports (2026). URL
https://www.nature.com/articles/s41598-026-50492-4.

[24] Pavel, I. & Ciocoiu, I. B. Tuberculosis Detection from Cough Recordings Using Bag-of-Words Classifiers.
Sensors 25, 6133 (2025). URL https://www.mdpi.com/1424-8220/25/19/6133.

[25] Kafentzis, G. P. & Selisios, E. Tuberculosis Screening from Cough Audio: Baseline Models, Clinical Vari-
ables, and Uncertainty Quantification. Sensors 26, 1223 (2026). URL https://www.mdpi.com/1424-8220/
26/4/1223.

[26] Hershey, S. et al. CNN Architectures for Large-Scale Audio Classification (2017). URL http://arxiv.org/
abs/1609.09430. ArXiv:1609.09430 [cs].

[27] Jaganath, D. et al. Accelerating Cough-Based Algorithms for Pulmonary Tuberculosis Screening: Results
From the CODA TB DREAM Challenge. Open Forum Infectious Diseases 12, ofaf572 (2025). URL
https://doi.org/10.1093/ofid/ofaf572.

[28] Blankemeier, L. et al. Optimizing Audio Augmentations for Contrastive Learning of Health-Related
Acoustic Signals (2023). URL http://arxiv.org/abs/2309.05843. ArXiv:2309.05843 [cs].

[29] Elizalde, B., Deshmukh, S., Ismail, M. A. & Wang, H. CLAP Learning Audio Concepts from Natural
Language Supervision. ICASSP 2023 - 2023 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), 1–5 (2023). URL https://ieeexplore.ieee.org/abstract/document/10095889.
ISSN: 2379-190X.

[30] He, K., Zhang, X., Ren, S. & Sun, J. Deep Residual Learning for Image Recognition (2015). URL
http://arxiv.org/abs/1512.03385. ArXiv:1512.03385 [cs].

[31] Zhang, Y. et al. Towards Open Respiratory Acoustic Foundation Models: Pretraining and Benchmarking
(2024). URL http://arxiv.org/abs/2406.16148. ArXiv:2406.16148 [cs].
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Extended Data Figure 1 Classical ML performance across
configurations

Extended Data Fig. 1 summarizes classical ML performance across all combinations of source dataset, exter-
nal validation dataset, feature representation, classifier, and feature-selection setting. No single modeling choice
consistently dominated across datasets. Differences between classifiers, feature families, and feature-selection
settings were generally modest compared with the differences between training and testing datasets. This indi-
cates that the main limitation of the classical pipeline was not the choice of downstream classifier, feature
descriptor, or feature-selection strategy, but the mismatch between datasets, consistent with the best-model
results reported in the main text.
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Extended Data Fig. 1: Classical ML performance across training datasets, testing datasets, clas-
sifiers, feature representations, and feature-selection settings. Each heatmap corresponds to one source
training dataset. Rows show combinations of classifier, feature type, and RFE; columns show testing datasets.
Performance is reported as subject-level ROC-AUC. Overall, performance varied more strongly by training and
testing dataset than by classifier choice, feature representation, or use of feature selection.

Extended Data Figure 2 Stratified within-dataset performance
analysis of DL approach of the Zambia dataset

For the Zambia dataset, performance is even across both recording devices and locations, which indicates that
the within-dataset Zambia result is not driven by a particular device or site.
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Extended Data Fig. 2: Within-dataset DL performance for the Zambia dataset, stratified by
recording device and by location. Subject-level ROC-AUC for the DL pipeline evaluated within Zambia,
shown separately for each recording device and for each recruitment site.

Extended Data Figure 3 Stratified within-dataset performance
analysis of DL approach of the TBscreen passive cough dataset

For TBscreen passive cough, performance differs moderately across recording devices, pointing to some device
sensitivity even within a single dataset.
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Extended Data Fig. 3: Within-dataset performance analysis for TBscreen dataset stratified by
device. Subject-level ROC-AUC for the DL pipeline evaluated within TBscreen passive cough, shown separately
for each recording device. Performance is similar between Pixel and codec, but is lower when using yeti.
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Extended Data Figure 4 Stratified within-dataset performance
analysis of DL approach of the CODA dataset

For CODA, the variability of the performance itself is too big to draw meaningful conclusions.
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Extended Data Fig. 4: Within-dataset performance analysis for CODA dataset stratified by
device. Subject-level ROC-AUC for the DL pipeline evaluated within CODA, shown separately for each record-
ing device, each of which also corresponds to a different country. Performance variability is too large to draw
any conclusion.

Extended Data Figure 5 Clinical-variable feature importance

We examined which clinical variables contributed to the predictions of the clinical-variable baseline, using
both model coefficients and permutation importance (Extended Data Fig. 5). The two analyses showed both
consistent patterns and dataset-specific differences. Some associations were relatively stable across training
datasets. Weight loss was positively associated with TB risk in all three datasets and contributed positively
under permutation analysis, and night sweats showed positive coefficients across datasets, though its empirical
importance varied. These patterns are consistent with the role of systemic symptoms in clinical TB screening.
Other variables were more dataset-dependent. Smoking status was positively associated with TB prediction
in the Zambia-trained model but negatively in the TBscreen- and CODA-trained models; cough duration was
highly influential in the Zambia-trained model yet contributed little in CODA and was unstable in TBscreen;
and previous TB history was positive in the Zambia- and TBscreen-trained models but negative in CODA.
These differences indicate that even when clinical-variable models generalize better than acoustic models, the
decision rules they learn are not identical across datasets.
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Extended Data Fig. 5: Feature importance of the clinical-variable baseline. The left panel shows
mean logistic-regression coefficients across outer CV folds for each training dataset. Positive coefficients indicate
an association with higher predicted TB probability, while negative coefficients indicate an association with
lower predicted TB probability. The right panel shows permutation importance, measured as the mean decrease
in ROC-AUC after randomly permuting each feature in the testing fold.

Extended Data Table 1 Study-specific dataset subsets

The released datasets were not analyzed in their entirety. For each dataset, we selected the subsets best suited
to the current study. Extended Data Table 1 summarizes the resulting subsets, reporting for each one the
recording device, the number of subjects, the number of cough events, the subject-level TB+ rate, and whether
the subset was used for training and validation or for validation only. The reported counts reflect the data
publicly accessible and may differ from the figures in the original dataset publications.

Extended Data Table 1: Summary of the study-specific dataset subsets analyzed in this work.
Disease rate is reported at the subject level.

Dataset Subgroup Device Number of
subjects

Number
of cough
events

TB+ rate
(%)

Usage

CODA Vietnam OPPOA54 161 1791 40 Train / Vali

CODA Madagascar Motorola G9 play 157 1293 48 Train / Vali

CODA Tanzania Nokia 3.4 Ta-1288 87 1004 16 Train / Vali

TBscreen Passive cough Pixel 118 3762 70 Train / Vali

TBscreen Passive cough Boundary microphone 114 3370 72 Train / Vali

TBscreen Passive cough Condenser microphone 106 2606 74 Train / Vali

TBscreen Forced cough Pixel 38 410 87 Vali only

TBscreen Forced cough Boundary microphone 34 366 82 Vali only

TBscreen Forced cough Condenser microphone 29 234 83 Vali only

Zambia Chawama Phone A 111 687 9 Train / Vali

Zambia Chawama Phone B 102 595 10 Train / Vali

Zambia Chawama Phone C 109 635 9 Train / Vali

Zambia Chawama Audio recorder 90 520 10 Vali only

Zambia Kanyama Phone A 207 1158 22 Train / Vali

Zambia Kanyama Phone B 214 1229 22 Train / Vali

Zambia Kanyama Phone C 214 1205 22 Train / Vali

Zambia Kanyama Audio recorder 120 741 21 Vali only
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Supplementary A Recursive feature elimination for the classical ML
pipeline

We examined whether recursive feature elimination (RFE) improved performance or stability by comparing the
mean and standard deviation of ROC-AUC with and without feature selection for each feature representation
and classifier. In most settings, feature selection did not clearly improve average performance or stability, the
only exception being CLAP embeddings combined with random forest classifiers. For this combination, we
assessed selection consistency using the Jaccard similarity coefficient, both across source datasets and across
folds within the nested CV pipeline. As shown in Fig. A1, the overlap between selected CLAP dimensions
exceeded that of random feature selection, and between-fold consistency was likewise above the random baseline.
Consistency was generally higher than random for CLAP embeddings with random forest or gradient boosting
classifiers, but weaker for CLAP-based logistic regression. For the lower-dimensional handcrafted time-frequency
features, RFE often stopped after removing few features and the selected subsets were not consistently more
stable than random. The repeatedly selected CLAP dimensions did not admit a reliable clinical interpretation,
since CLAP embeddings are learned representations that do not map straightforwardly onto individual acoustic
properties; exploratory interpretation [1] did not yield consistent patterns. Overall, feature selection can improve
the compactness of some CLAP-based models, particularly with tree-based classifiers, but it does not resolve
the broader problem of limited external generalization.
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Fig. A1: Feature-selection consistency for CLAP embeddings with random forest classifiers. Jac-
card similarity was used to compare selected feature subsets across source datasets and across CV folds. The
selected CLAP dimensions showed greater overlap than random selection, suggesting that RFE identified some
stable embedding dimensions in this setting. For between-fold consistency, the mean number of selected features
and the mean Jaccard similarity between folds were plotted as scatter points and marked on the plot.

Supplementary B Representation visualization of classical ML
pipeline

Fig. B2 shows the MMD-based MDS visualization of pairwise subgroup distances computed from
time/frequency-domain features, with subgroups defined by recording device, location, and TB label. Fig. B3
– B6 show t-SNE visualizations of CLAP embeddings and time-frequency features, with samples colored by
dataset and recording device or by dataset and TB status. Together, these plots complement the CLAP-based
representation analysis presented in the main text and confirm that acquisition-related structure dominated
both feature spaces.

Supplementary C Domain generalization methods

Domain shift is a well-studied problem in ML, including in computer vision, speech processing, acoustic scene
classification, and broader audio analysis [2, 3]. A range of domain-generalization and domain-adaptation strate-
gies have been proposed to encourage models to learn features that are less dependent on device or data set
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Fig. B2: MMD-based MDS visualization of subgroup structure in handcrafted time-frequency
features. As with CLAP embeddings, the time-frequency feature space showed stronger separation by recording
device than by TB label. However, the separation by dataset domain is generally weaker than CLAP embeddings.

Fig. B3: t-SNE visualization of sample-level feature structure in CLAP embedding by dataset
and recording device. Individual cough samples were projected into two dimensions using t-SNE. Samples
showed strong organization by dataset source and recording device. This acquisition-related clustering was more
prominent than separation by TB label, supporting the conclusion that dataset and device structure dominate
the feature spaces used by the classical ML models.

source, including MixStyle [4], frequency-wise MixStyle [5], Mixup [6], LabelGrad [7], CrossGrad [8], domain-
adversarial neural networks [9], kernel-based approaches such as domain-invariant component analysis [10] and
scatter component analysis [11], and deep domain confusion [12]. Motivated by these findings, we explored these
strategies in the current study.

Supplementary D Nested cross-validation scheme

Model development and selection within each source dataset used a nested cross-validation (CV) procedure,
illustrated in Fig. D7. The outer loop partitioned the source dataset into folds at the subject level and provided
an estimate of within-dataset performance, while the inner loop, applied within each outer training partition,
was used for model and hyperparameter selection. The models trained on the inner folds were scored on the
held-out outer fold, so that no samples used for training and selection contributed to the corresponding perfor-
mance estimate. Subject-level splitting was enforced throughout to prevent recordings from the same participant
appearing in both training and evaluation. The trained models were also evaluated on the remaining datasets as

2



Fig. B4: t-SNE visualization of sample-level feature structure in CLAP embedding by dataset
and TB status. Similarly, samples showed strong organization by dataset source, while distribution by TB
status seems random.

external validation, which were never used during development or tuning. This design separated model selection
from performance estimation within each dataset and kept external validation fully independent.

Supplementary E Dataset summary and comparison

A summary and comparison of the three datasets used in this study are presented in Table E1.
The CODA dataset is a multi-country collection assembled for the CODA TB DREAM Challenge [13]. It

contains 733,756 cough sounds from 2,143 adults evaluated for TB in outpatient clinics across India, Madagascar,
the Philippines, South Africa, Tanzania, Uganda, and Vietnam. Participants were adults with at least two weeks
of cough and the TB evaluation included microbiological tests such as Xpert MTB/RIF Ultra and culture.
Coughs were collected using Android smartphones running the Hyfe research application; however, the specific
phone model or set of models differed across countries [13].

The TBscreen dataset was collected in Nairobi, Kenya in a controlled recording setting [14]. It includes 149
participants with pulmonary TB and 46 controls with other respiratory illnesses, with approximately 33,000
passive coughs and 1,600 forced coughs. Recordings were obtained using three devices: a smartphone (Pixel),
a boundary microphone (codec), and a high-end condenser microphone (Yeti). Audio clips with prominent
background noise or non-cough respiratory sounds were discarded during annotation.

The Zambia dataset corresponds to the CIDRZ TB dataset used in the HeAR benchmark [15]. It was
collected by the Centre for Infectious Disease Research in Zambia (CIDRZ) at three clinical sites in Lusaka
district: Chawama, Chainda-South, and Kanyama. Adults were recruited if they had symptoms suggestive of
TB, were close contacts with TB patients, or were newly diagnosed with HIV. Each participant was asked
to produce four cough events: three single coughs and one episode consisting of consecutive multiple coughs.
Recordings were collected using one professional audio recorder and three smartphone tiers spanning different
price points: Phone A (Pixel 3a, low-price-range), Phone B (Galaxy A12, mid-price-range), and Phone C (Galaxy
A22, high-price-range). Chest X-ray data and associated annotations were collected alongside cough recordings.

Supplementary F Time/frequency-domain acoustic features

The handcrafted feature set consisted of conventional acoustic descriptors extracted from short-time frames
in the time and frequency domains. Features were computed using a window size of 0.02 s and a step size of
0.01 s. For each frame-level feature, the mean and standard deviation across all frames in a cough recording
were calculated to obtain a fixed-length representation.

The extracted features included zero-crossing rate (ZCR), frame energy, energy entropy, root mean energy
(RME), frame standard deviation, spectral kurtosis, spectral centroid, spectral entropy, spectral flux, spectral

3



Fig. B5: t-SNE visualization of sample-level feature structure in time/frequency-domain descrip-
tors by dataset and recording device. Similar to CLAP embeddings, samples showed strong organization
by dataset source and recording device.

rolloff, spectral crest factor, spectral decrease, spectral flatness, spectral slope, spectral skewness, mean fre-
quency, Welch power spectral density statistics (mean and maximum), logarithmic band power, Mel-frequency
cepstral coefficients (MFCCs), harmonic ratio (HR), fundamental frequency (f0), and chroma vectors.

Supplementary G DL backbones

The DL pipeline evaluated several pretrained backbone models commonly used in audio representation learning.
ResNet-18 and ResNet-34. ResNet-18 and ResNet-34 are convolutional neural network architectures

based on residual learning, originally developed for image recognition [16]. In audio applications, they are com-
monly used on spectrogram inputs, treating time-frequency representations as images. Their residual connections
facilitate optimization and enable moderately deep architectures to learn robust discriminative features.

VGGish. VGGish is a convolutional neural network derived from the VGG architecture and adapted by
Google for general-purpose audio classification [17]. It is pretrained on large-scale audio data and takes log
mel-spectrogram patches as input, producing compact embeddings that have been widely used for downstream
audio tasks.

OPERA. OPERA is a pretrained foundation model, developed to support health-related audio analysis
across multiple tasks and domains [18]. It is designed to learn transferable acoustic representations from large
and diverse biomedical and human sound datasets, making it relevant for cough-based screening applications.

CLAP. CLAP is a multimodal representation-learning model trained to align audio signals and text descrip-
tions in a shared embedding space [19]. Although originally developed for audio-language tasks, its pretrained
audio encoder can also be used independently as a general-purpose acoustic feature extractor.

A task-specific classification head was appended to each backbone to predict TB status.
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Fig. B6: t-SNE visualization of sample-level feature structure in time/frequency-domain descrip-
tors by dataset and TB status. Similar to previous plot, organization by dataset is strong and organization
by TB status is weak.

Fig. D7: Illustration of the nested CV scheme. In each outer split, one fold is held out for testing, while
the remaining four folds are used for model development. Within the development folds, inner CV is used for
hyperparameter selection, feature selection, or early stopping.
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